The implications of change on local processes have attracted significant research interest in recent times. In urban settings, green spaces and forests have attracted much attention. Here, we present an assessment of change within the predominantly desert Middle Eastern city of Riyadh, an understudied setting. We utilized high-resolution SPOT 5 data and two classification techniques-maximum likelihood classification and object-oriented classification-to study the changes in Riyadh between 2004 and 2014. Imagery classification was completed with training data obtained from the SPOT 5 dataset, and an accuracy assessment was completed through a combination of field surveys and an application developed in ESRI Survey 123 tool. The Survey 123 tool allowed residents of Riyadh to present their views on land cover for the 2004 and 2014 imagery. Our analysis showed that soil or 'desert' areas were converted to roads and buildings to accommodate for Riyadh's rapidly growing population. The object-oriented classifier provided higher overall accuracy than the maximum likelihood classifier (74.71% and 73.79% vs. 92.36% and 90.77% for 2004 and 2014). Our work provides insights into the changes within a desert environment and establishes a foundation for understanding change in this understudied setting. landscape [24] . Due to the physical and morphological conditions, economic state, population growth, political situation, policies, and social behaviors that vary from one region to another, predicting patterns of urban growth is complicated [25] . Nevertheless, significant progress has been made in understanding urban processes, including the importance of performing spatiotemporal analyses of urban growth to understand the characteristics and consequences of growth and how this is manifested from one location to another [8, 21, [25] [26] [27] [28] [29] [30] [31] . One of the critical factors that have emerged from recent studies in urban processes and change is that in trying to understanding future growth within urban centers, it is critical to first understand and document the physical conditions within a city. Despite the significant progress made in understanding urban growth, our knowledge of urban change has not been uniform across all settings, a fact especially manifested in the states of the Middle East and North Africa.
Introduction
Change at various scales, and the implications for local-level processes, has attracted significant research interest in recent times [1, 2] . Within urban settings, change has received a significant amount of attention over the past decade or so, with urban forests and green spaces the primary focus [3] [4] [5] . Our ability to keep track of change within urban settings has been enhanced by the rapid development of remote sensing technology and the associated high-resolution data they make available [6] [7] [8] . Simultaneously, the scientific community has developed data analysis methods and tools that have allowed for the extraction of timely information on urban processes [2, [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] . In fact, the availability of data and methods for urban landscapes is now providing scholars with the ability to use spatially referenced data and analysis methods to predict urban change processes [21] , and to respond to challenges related to environmental and ecological sustainability within urban centers [22] . However, while significant progress has been made in mapping urban changes and predicting urban growth [20] , the diversity of urban processes seen across the globe and the factors that drive urban change have left several geographical areas underexplored. For example, while urban green spaces and forests have been widely covered, changes within desert environments have been underassessed.
Urbanization is a global phenomenon that has varied rates and trends across geographical regions [23] . As a socioeconomic process, urbanization is dynamic and transforms the rural Land 2019, 8, 193 3 of 16 of Riyadh's urban landscape changed over the period under consideration and what such changes suggest for future growth in the city. Our analysis utilized high spatial resolution SPOT 5 data, and we compared the performance of two imagery classification approaches, the maximum likelihood classifier (MLC) and an object-oriented classifier (OOC). Despite the existence of two previous studies [9, 36] on Riyadh, reference data on land cover to aid in completing a classification were not publicly available. To remedy this situation, our study used a GIS tool, ESRI's Survey 123 data collector, to engage local people to understand how they perceived change in Riyadh. Consequently, through a low-cost method we engaged Riyadh's citizens to collect reference data to assess change in the city. Following this introduction, we provide an overview of Riyadh and the changes observed over the years, a description of the methods employed, and an overview of our findings. Our paper lays the foundation for studying finer-scale change within Riyadh and understanding how economic and social drivers influence such change and urban growth.
Materials and Methods

Study Area
Riyadh is located between 24 • 20 N and 25 • 20 N latitude and 46 • 00 E and 47 • 10 E longitude ( Figure 1 ) and is one of the fastest-growing cities in the world [34] . Since 1932, the size of what is considered municipal Riyadh has doubled at least 1000 times [37] , while the population has doubled more than 200 times [37] . More recently, official government statistics have suggested that Riyadh's population doubled between 2004 and 2016 [33] . Internal migration is the main reason for the growth in Riyadh's population, with people moving from other parts of Saudi Arabia for jobs, to attend one of the three universities located in the city, and to gain access to government-related services. The fact that Riyadh is the seat of government and the country's main business center helps to explain why people move here for jobs, with 62% of people who move to the city gaining employment [37] . The fact that Riyadh is a growing city and holds unique political and economic significance has meant that, historically, the state has earmarked a part of the national budget for the city's development [38] . Given Riyadh's historical change and its rapidly increasing population, we expected our analysis to show that its urban area had expanded over the years to accommodate the increasing population. To study the changes in Riyadh over the period 2004-2014, we focused on four land cover classes: urban areas (buildings of various types), roads, soil, and vegetation (see Table 1 ). The area under consideration covered the main municipal center of Riyadh (Figure 1) , and for the purposes of this analysis, we considered the area that indicated the presence of impervious surfaces. 2 and was projected in WGS 1984, Zone 38. The SPOT 5 data used in this analysis were pan-sharpened by merging the multispectral data (10 m resolution) with the panchromatic data (2.5 m). Therefore, the image spatial resolution was 2.5 m and allowed us to use the three multispectral bands-green (500-590 nm), red (610-680 nm), and near-infrared (780-890 nm)-and panchromatic data in imagery classifications. To develop a sense of how the landscape changed over the years and arrive at the land cover classes (Table 1) , we completed a 'virtual reconnaissance' of the area using Google Earth imagery from 2004 to 2014. The 'virtual reconnaissance' allowed us to gain a sense of the landscape and arrive at realistic land cover classes (Table 1) for completing the imagery classification processes. Gaining a virtual sense of the study area was necessary as reference data for Riyadh were not publicly available at the time of our analysis. The reconnaissance exercise allowed us to approach the classification processes with some knowledge of the landscape. Before completing image classification, the SPOT 5 imagery was pre-processed through a relative atmospheric correction method, rather than an absolute atmospheric correction [39] as appropriate meteorological data were not available for the study area at the time of analysis. Through the relative atmospheric correction process, a dark-object subtraction (DOS) method was used, whereby the value of the darkest pixel in each band of the image was subtracted from the value of each pixel to arrive at a more accurate representation of the study area at the time of image acquisition. We opted to complete the DOS as there were various areas within the images that contained significant shadows and shaded areas that had the potential to impact our classification results. The DOS was completed using the Band Minimum algorithm in ENVI 5 for each of the two images. Once the DOS was completed, each image was rectified and projected in the same space to allow for comparison across the study's timeframe.
Image Classification
To study how Riyadh changed over the 2004-2014 timeframe, we compared the results of a maximum likelihood classification (MLC) with an object-oriented classification (OOC). These methods have been described extensively elsewhere [17, 40] , so we only provide brief details of each approach here. For both classification methods, we obtained more than 50 homogenous areas of interest to guide the classification process.
The MLC classification was completed in ERDAS Imagine. For each of the four land cover classes (Table 1) , we obtained homogenous areas of interest (AOI) in the SPOT 5 datasets for 2004 and 2014. The spectral data from each of the AOI were treated as samples to represent each class across the images. The AOI data for each class were then merged to arrive at a statistical representation of each class to train the classification algorithm. Training area selection was guided by using our insights obtained from the virtual reconnaissance exercise completed using the Google Earth imagery of the study area. The data derived from the AOI were tested to ensure they were homogenous and allowed for the variability contained in the dataset to be appreciated. Once homogenous and distinct training samples were obtained for each land cover class (see Table 1 ), the data were used to run the MLC classifier in ERDAS Imagine for the 2004 and 2014 images.
The object-oriented classification was completed using the eCognition Developer 9 software. The first step in the object-oriented classification was to segment the SPOT imagery into homogenous units. Details on the theory and background of the image segmentation process can be found elsewhere [41] [42] [43] [44] [45] . Through the image segmentation process, a group of pixels with similar spectral and spatial properties was grouped into an object [45] . There is no perfect segmentation algorithm [46] and there is still discussion in the imagery analysis community on the optimum size of segments required to achieve the maximum classification accuracy. With this in mind, we followed the guidance of the eCognition manual and a previous study [45] to adopt the standard classification procedure. The first step was to assign appropriate values to three parameters: shape (Ssh), compactness (Scm), and scale (Ssc). These parameters are used to segment objects or pixels with similar spectral and spatial signatures. eCognition allows the analyst to use weights ranging from 0 to 1 for the shape and compactness factors. Myint et al. [45] noted that these two parameters control the homogeneity of objects, while the shape factor adjusts spectral homogeneity versus the shape of objects. Furthermore, Myint et al. [45] noted that the compactness factor determines the object shape between smooth boundaries and compact edges. The scale parameter controls the object size that matches the user's required level of detail and can be considered the most crucial parameter of image segmentation. Object sizes can be determined by applying different numbers in the scale function of eCognition. A higher number for scale (e.g., 100) generates larger homogeneous objects (similar to a smaller cartographic or mapping scale), whereas a smaller number [10] will lead to smaller objects [45] . In our study, we set the shape parameter (Ssh) to 0.1 to give less weight to the shape and more attention to spectrally homogeneous pixels. The compactness parameter (Scm) and smoothness were set to 0.5 to balance the compactness and smoothness of objects. After testing different scale levels and parameter values, we determined that a scale level of 50 was most appropriate for our study.
Change Detection
To understand how Riyadh changed over the study period, we completed a post-classification comparison change detection [40] and compared the MLC results with those of the OOC. The advantage of using the post-classification change detection analysis is that it provides "From-To" change information for each class in our study area [40] . As the output of the change detection process is dependent on the quality of the classified product, it was essential that the classification accuracy be as high as possible [47] . In our case, we aimed for an overall accuracy of 70% for each of the two images across the two classification methods. We chose 70% as reference data were not available for both periods and our perception of the landscape in the past was dependent on Riyadh residents' memories of their city, as described below. 
Accuracy Assessment
As reference data were not publicly available at the time of this study, we obtained same using a two-step approach. First, we developed a mobile GIS tool using ESRI's Survey 123 ( Figure 2 ). The first author traveled to Riyadh and obtained reference data for each of the four classes (Table 1) in January 2019. For each class, we obtained points, recorded their locations using a Trimble GPS unit, and classified them into one of the four classes. The second step involved recruiting local people and asking them to provide their classification of the landscape. We consulted 10 volunteers who were native to Riyadh, had lived in the city from at least 2004, and had knowledge of the landscape. We provided each volunteer with the Survey 123 tool, which contained portions of the SPOT imagery as a background and the points the first author obtained. Our classification of that point was hidden from volunteers. Each volunteer was asked to classify the point based on their recollection of the area in 2004 and 2014. Once the volunteers provided their classification, it was saved in the database. Each volunteer's classification was then compared with our classification as of 2019. Only our points and classifications that had 100% agreement with our volunteers were kept for further analysis. For example, if we observed "road" in 2019, but the volunteers classified the point as "vegetation," this point was removed from further analysis. Upon the completion of the cross-validation process with volunteers, we obtained 50 unique points for each class that were used to compute an accuracy assessment.
advantage of using the post-classification change detection analysis is that it provides "From-To" change information for each class in our study area [40] . As the output of the change detection process is dependent on the quality of the classified product, it was essential that the classification accuracy be as high as possible [47] . In our case, we aimed for an overall accuracy of 70% for each of the two images across the two classification methods. We chose 70% as reference data were not available for both periods and our perception of the landscape in the past was dependent on Riyadh residents' memories of their city, as described below.
As reference data were not publicly available at the time of this study, we obtained same using a two-step approach. First, we developed a mobile GIS tool using ESRI's Survey 123 ( Figure 2 ). The first author traveled to Riyadh and obtained reference data for each of the four classes (Table 1) in January 2019. For each class, we obtained points, recorded their locations using a Trimble GPS unit, and classified them into one of the four classes. The second step involved recruiting local people and asking them to provide their classification of the landscape. We consulted 10 volunteers who were native to Riyadh, had lived in the city from at least 2004, and had knowledge of the landscape. We provided each volunteer with the Survey 123 tool, which contained portions of the SPOT imagery as a background and the points the first author obtained. Our classification of that point was hidden from volunteers. Each volunteer was asked to classify the point based on their recollection of the area in 2004 and 2014. Once the volunteers provided their classification, it was saved in the database. Each volunteer's classification was then compared with our classification as of 2019. Only our points and classifications that had 100% agreement with our volunteers were kept for further analysis. For example, if we observed "road" in 2019, but the volunteers classified the point as "vegetation," this point was removed from further analysis. Upon the completion of the cross-validation process with volunteers, we obtained 50 unique points for each class that were used to compute an accuracy assessment. The points we obtained allowed us to follow a stratified random sampling design to assess the accuracy of the classified output of the two classification methods. The advantage of using the stratified random sampling method is that the size of classes does not influence whether they get The points we obtained allowed us to follow a stratified random sampling design to assess the accuracy of the classified output of the two classification methods. The advantage of using the stratified random sampling method is that the size of classes does not influence whether they get included in the classification accuracy assessment [48] , where the weight of each class in the classified output image is taken into account. We used geographic information systems (GIS) tools to compute the proportion of each of the four land cover classes in the classified products. We then computed the estimated proportion of area in cell i, j to construct an error matrix (Equation (1)) of the estimated proportions [49] . The known area proportions of the map classes (W i ) were incorporated into the stratified estimators of overall (Equation (2)) and producer accuracies (Equation (3)) to account for different sampling intensities in different strata. Once the error matrix area proportions were estimated (Equation (1)), the user's (Uˆ_i; Equation (4)) and producer's (Pˆ_j) accuracy for any category and overall map accuracy (Oˆ_) were estimated directly from the estimated error matrix [49] . The Kappa statistic (Equation (5)) was computed for each of the four classified products.
where i are map categories represented in rows and j are the referenced categories represented in columns of the error matrix.Ô = q j=1P jj.
(2)
Results
Riyadh's Land Cover Classes over Time
Riyadh was dominated by soil (desert) in 2004, according to the MLC and OOC classification methods (Table 3) , and declined substantially by 2014 (see . Despite the two classification methods showing different proportions of the city being covered by soil in 2004, both showed a 14% decline in soil by 2014. Our assessment further showed that Riyadh changed substantially over the 10-year period under consideration, with the soil being replaced or covered by the three other land cover classes. The previously undeveloped soil was primarily converted to impervious surfaces, either roads or buildings, as the city expanded (Table 3 ; Figure 3 ). In essence, both the MLC and OOC classification methods showed that urban expansion had occurred in Riyadh. The amount of change observed was consistent with a rapidly growing city. Below we explore the changes observed based on the classified outputs of the two classification methods (Figures 3-6 ). Overall, the OOC classifier gave higher classification accuracies than the MLC classifier. 
Maximum Likelihood Classifier
The MLC method showed that undeveloped soil accounted for a large portion of Riyadh (55%) in 2004 ( Table 3 ). The area covered by impervious surfaces (roads and buildings) was approximately 42% of the study area in 2004, while vegetation accounted for just 3%. The 2014 classification showed that the soil area reduced by 14% over the 10 years, accounting for 41% of land cover. The areas covered by impervious surfaces, roads, and urban areas increased by 15.12% from 2004 to 2014, accounting for 57% of Riyadh's land cover in 2014. In a sense, therefore, over the 10-year period, the area covered by soil and impervious surfaces had an inverse relationship with impervious surfaces, increasing as soil cover declined. 42% of the study area in 2004, while vegetation accounted for just 3%. The 2014 classification showed that the soil area reduced by 14% over the 10 years, accounting for 41% of land cover. The areas covered by impervious surfaces, roads, and urban areas increased by 15.12% from 2004 to 2014, accounting for 57% of Riyadh's land cover in 2014. In a sense, therefore, over the 10-year period, the area covered by soil and impervious surfaces had an inverse relationship with impervious surfaces, increasing as soil cover declined. that the soil area reduced by 14% over the 10 years, accounting for 41% of land cover. The areas covered by impervious surfaces, roads, and urban areas increased by 15.12% from 2004 to 2014, accounting for 57% of Riyadh's land cover in 2014. In a sense, therefore, over the 10-year period, the area covered by soil and impervious surfaces had an inverse relationship with impervious surfaces, increasing as soil cover declined. 
Object-Oriented Classifier
The results of the object-oriented classifier differed from those obtained via the MLC method. Like MLC, the OOC showed the overall pattern of soil dominating the study area in 2004 (62%), while impervious surfaces (roads and urban areas) represented 36% of land cover. By 2014, the soil area had decreased by 14.25%, while impervious surfaces increased by 12.37% (Table 3) to account for 48.44% of land cover. While the OOC method showed soil dominating the study area in 2004, the soil and impervious surface classes (roads and urban) accounted for almost identical proportions of the study area in 2014. Interestingly, while the MLC method showed that vegetation area decreased between 2004 and 2014 (Table 3) , the OOC classification showed an increase in vegetation cover from 2.03% in 2004 to 3.90% in 2014. While the change in vegetation cover in the OOC method was small, it was nonetheless interesting to note that this method showed that vegetation was introduced into Riyadh. 
The results of the object-oriented classifier differed from those obtained via the MLC method. Like MLC, the OOC showed the overall pattern of soil dominating the study area in 2004 (62%), while impervious surfaces (roads and urban areas) represented 36% of land cover. By 2014, the soil area 
Accuracy Assessment
The post-classification change detection method confirmed the change in land cover types, as observed through the two classification methods. The overall accuracies of the classified products were 73.79% and 90.77% for the MLC method in 2004 and 2014, respectively, and 74.71% and 92.36% for the OOC method (Table 4 ). While the overall accuracy for the 2004 products was lower than is generally accepted in the literature, the 2014 classifications were within the range of expected results for completing a change detection analysis. Our accuracy assessment results demonstrated the difficulty of going back in time to complete imagery classifications. When the two classifications were compared, the mean overall accuracy of the OOC classification method was slightly higher than that of the MLC method, suggesting that the OOC method is perhaps more suitable for this landscape. The weighted error matrix (Table 4 ) showed there was some confusion between the various classes in both classification methods. For the MLC classification in 2004, urban areas and soil were confused, and urban areas were also confused with roads. In addition to the overall accuracy of the MLC method being low in the 2004 classification output, the user accuracy and producer accuracy were also lower for each class (Table 4 ) than the OOC classification outputs. The 2014 MLC classification showed improved producer and user accuracy for all classes, except for the vegetation class, where the user accuracy declined to 24%. The OOC classification, while having a higher overall accuracy than the MLC method, still showed low user's accuracy (25%) for the vegetation class in 2004. However, for 2014 the user accuracy increased to 83% for the vegetation class, with every other class showing an increase in user accuracy.
Change Detection
The overall patterns of change observed in the MLC and OOC methods were confirmed through the post-classification change detection analysis (Figures 7 and 8 ). Both methods showed that the soil surfaces, or deserts, of Riyadh, were converted to impervious surfaces, either roads or buildings. While the two methods disagreed over how much soil area was converted to urban areas (10.37% in OOC and 26.69% in MLC), the overall pattern confirmed the expansion of Riyadh. Additional contrasts Land 2019, 8, 193 11 of 16 were observed between the MLC method and OOC in the way vegetated areas changed. We also found that, in addition to soil being converted to urban areas, soil was also converted to vegetation in both methods. Our analysis also showed that roads were converted to vegetation and built-up areas, urban areas were converted to soil, and urban areas were converted to vegetation and roads, even though these changes accounted for a very small proportion of the overall change (Figure 8 ). 
Discussion
This paper set out to examine how the city of Riyadh changed over the period 2004-2014, utilizing SPOT 5 data and imagery classification techniques. Our analysis showed that the city's urban area expanded substantially over the years, moving into what may have previously been considered unproductive land. Both methods employed to analyze change showed that, as the 
This paper set out to examine how the city of Riyadh changed over the period 2004-2014, utilizing SPOT 5 data and imagery classification techniques. Our analysis showed that the city's urban area expanded substantially over the years, moving into what may have previously been considered unproductive land. Both methods employed to analyze change showed that, as the population of the city increased, the urban area similarly grew. Our analysis showed that urban areas, as measured by the presence of impervious surfaces, rapidly replaced undeveloped soil or desert surfaces. In completing this work, our analysis has made a few observations that are relevant to the changes observed in urban settings broadly, and the city of Riyadh in particular. Below we summarize some of these observations.
First, our analysis found a substantial change in terms of urban areas, including for housing and roads, encroaching into the rural environment, as has been observed for other urban settings across the globe [2, 3, 21, 22] . From our analysis and the initial view of what changed in Riyadh, the areas that have been newly occupied by impervious surfaces may be viewed as unproductive 'desert' land. However, such a characterization may not necessarily be accurate, and there is a need to understand, from the perspective of ecosystem services and broader global processes, the implications of these areas being converted to urban areas. There may also be implications for cultural processes within the city, including for ecosystem services residents may have derived from the area. Furthermore, as Saudi Arabia embarks on Vision 2030, a highly publicized urban expansion endeavor, it will be interesting to see what urban planning processes that will impact Riyadh. Other scholars (for example, Shukla and Jain [24] ) have noted that, in Indian settings, most urban expansion has been unplanned. Our future analysis will attempt to understand how policy decisions guided the expansion observed in Riyadh from past satellite data and how it compares to growth in the city in the future and with other urban areas across the world. In addition, as Vision 2030 unfolds, Riyadh remains an important seat of power and maintains many pull factors for migration, and it will be essential to observe how policymakers plan for the delivery of services to this city as the population grows. Furthermore, with reference to Jensen's [40] urban development cycle, our analysis showed that there was a change in vegetation cover in Riyadh (see Table 3 ). The two classification methods did, however, show different outcomes. From the MLC classification, vegetation cover decreased, while the OOC showed that vegetation cover increased. Given the urban expansion processes observed, the latter outcome seems more likely. Based on the first author's observations of the city and the data collection, it appears the OOC classification best matched the reality on the ground. Growth in tree-like vegetation areal coverage is generally not the norm in urban settings [2] , except in older cities, but in many arid and semi-arid environments, growth in vegetation cover is plausible. In these settings, as Jensen [40] noted for other places, the advancement of housing may lead to people planting lawns once they have established a house. However, from a resource management perspective and considering the need to deliver services to the city, the geographical location of Riyadh makes it heavily dependent on water delivery from outside the city. The growth of lawns and similar vegetation will require imported water, which is expensive. Homeowners in Riyadh have been planting lawns in recent times, and there is now a strong effort to find grass and other vegetation that is suitable for the city's conditions. However, given our data were collected over a short period and our analysis was based on a sample, ascertaining the direction in movement of vegetation cover will be subject of future research. Changes in vegetation cover, in particular the increase in vegetation, will changes the ecosystem dynamics of the city in the long run. Therefore, future work will seek to discover why there was a discrepancy in vegetation cover observed in the two methods. We will also seek to observe what changes in vegetation cover may mean for processes such as the urban heat island effect and water usage within the city.
Secondly, there is a lot of work unfolding on understanding what changes in land cover within the world's major cities may mean for future growth [7, 8, 21, [25] [26] [27] [28] [29] [30] [31] . In this sense, we view our work as a first step for Riyadh, and envision that a series of research activities aimed at understanding how the city has grown and what this may mean for the trajectory of growth in the future, particularly considering that it is one of the Middle East's largest cities [32] , will be a subject that will attract our attention. Our work has documented, from a remote sensing perspective and using tools that measure the accuracy of our analysis (see Table 4 ), the types and extent of changes in Riyadh. Our future analysis will compile data on the economic, demographic, and policy fronts that seek to understand the underlying drivers of the changes observed to determine whether it is possible to predict future growth. Future work will seek to understand how changes in oil prices, population growth, and other factors in Saudi Arabian urban areas may impact change in Riyadh. Such data are important for understanding how growth patterns, the economy, and policy development may impact urbanization [25] in other Middle Eastern cities that have similar characteristics as Riyadh. Being able to connect policy advancements to the growth of impervious surfaces will help us to understand factors that may impact the habitability of the world's fastest-growing urban centers.
Thirdly, our analysis is the most recent to examine urban expansion in Riyadh, capturing change during a period of substantial population growth [31] . Our study is one of many concerned with utilizing remotely sensed data to better understand urban processes [21, 22, 50, 51] . Our results were in line with the observations made by previous studies completed in Riyadh [9, 32, 36] , which have all noted that Riyadh's urban areas have expanded. The land cover classes that we used to measure and track urban expansion, impervious surfaces, roads, etc. allowed us to see how housing and transportation networks in Saudi Arabia's capital have moved to areas of land that may have been considered marginal in the past (Figures 7 and 8 ). Our work used slightly different classes compared to previous work and put forward an accuracy assessment regime that was nonexistent in previous efforts. It is therefore impossible to compare our results with those of previous studies, yet our work offers insights into patterns of change that we expect will be characteristics of Riyadh.
Finally, our accuracy assessment method adopted an approach that allowed us to collaborate with the citizens of Riyadh to understand what past conditions have been like in the city. While Google Earth gives a very good representation of what past conditions were like in the city, our approach of engaging local people provided invaluable data and allowed us to draw on the perceptions of residents of the city to understand how features changed over time. Utilizing the mobile Survey 123 tool turned out to be an efficient and effective option for collecting reference data. Future work in the city will engage local people, including policymakers, in an attempt to understand the factors that drive change in the city, especially in light of the government of Saudi Arabia embarking on its Vision 2030 initiative (https://vision2030.gov.sa/en), a development that will undoubtedly have implications for rates of migration into Riyadh.
Conclusions
Our paper set out to understand how change has occurred in one of the Middle East's fastest-growing cities, Riyadh. Unlike previous work that sought to understand urban green spaces and forests, our focus was on assessing changes within a desert environment. Our results showed that urban expansion is occurred even in these settings. Whether there are implications for urban green spaces, as measured here by changes in vegetation cover, was inconclusive from our analysis as the two methods gave different results. Our visit to the area suggested that more green spaces are indeed being established in Riyadh. How these are changing over time and the implications these have for global-level processes is a question that requires deeper analysis. Questions like whether the residents of Riyadh desire to have green spaces developed as the city grows and where these should be placed also need to be addressed. Increasing green spaces will have implications for water availability and consumption, the urban heat island, and ecological processes in the region. Similarly, whether residents of Riyadh have a desire for alternative routes of transportation (as opposed to roads) can also have implications for livability in the city. Such questions will be addressed as part of our future research agenda. Our work has therefore allowed us to gauge the status of change within one of the Middle East's fastest-growing cities and provides the foundation for understanding the drivers and implications of change-in particular, urban growth in an area of the world that has not attracted much attention in the literature.
